The authors are developing a computer-aided detection system to assist radiologists in analysis of coronary artery disease in coronary CT angiograms (cCTA). This study evaluated the accuracy of the authors' coronary artery segmentation and tracking method which are the essential steps to define the search space for the detection of atherosclerotic plaques. Methods: The heart region in cCTA is segmented and the vascular structures are enhanced using the authors' multiscale coronary artery response (MSCAR) method that performed 3D multiscale filtering and analysis of the eigenvalues of Hessian matrices. Starting from seed points at the origins of the left and right coronary arteries, a 3D rolling balloon region growing (RBG) method that adapts to the local vessel size segmented and tracked each of the coronary arteries and identifies the branches along the tracked vessels. The branches are queued and subsequently tracked until the queue is exhausted. With Institutional Review Board approval, 62 cCTA were collected retrospectively from the authors' patient files. Three experienced cardiothoracic radiologists manually tracked and marked center points of the coronary arteries as reference standard following the 17-segment model that includes clinically significant coronary arteries. Two radiologists visually examined the computer-segmented vessels and marked the mistakenly tracked veins and noisy structures as false positives (FPs). For the 62 cases, the radiologists marked a total of 10191 center points on 865 visible coronary artery segments. Results: The computer-segmented vessels overlapped with 83.6% (8520/10191) of the center points. Relative to the 865 radiologist-marked segments, the sensitivity reached 91.9% (795/865) if a true positive is defined as a computer-segmented vessel that overlapped with at least 10% of the reference center points marked on the segment. When the overlap threshold is increased to 50% and 100%, the sensitivities were 86.2% and 53.4%, respectively. For the 62 test cases, a total of 55 FPs were identified by radiologist in 23 of the cases.
INTRODUCTION
Coronary heart disease (CHD) is a disease in which calcified or noncalcified plaques build up inside the coronary arteries. When the coronary arteries are narrowed or blocked, the reduction of oxygen-rich blood flow to the heart muscle can cause angina or myocardial infarction (MI). Over 16 × 10 6 Americans have CHD, and over 445000 die of CHD and 151000 die of MI each year. 1 With the rapid advancement of CT techniques, ECG-gated contrast-enhanced coronary computed tomography angiography (cCTA) permits visualization of the vessel lumen, atherosclerotic plaque, and stenoses without the invasive catheterization procedure. cCTA is becoming the most promising modality for assessing CHD and for quantifying the plaques. [2] [3] [4] [5] The advent from the 16 row to the latest 320 row multidetector CT not only increases the spatial and the temporal resolution significantly, but also increases the number of images to be interpreted by radiologists substantially. Radiologists have to visually examine each coronary artery for suspicious stenosis using visualization tools such as multiplanar reformation and curved planar reformation provided by the review workstation in clinical practice. These visualization tools depend on the accurate extraction of coronary arteries. Automatic extraction and analysis of the coronary artery trees will reduce the time for interpretation of cCTA.
Accurate identification of plaques is challenging, especially for the noncalcified plaques, due to many factors such as the small size of coronary arteries, reconstruction artifacts caused by irregular heartbeats, beam hardening, and partial volume averaging. Because the plaques only occur in coronary arteries, the extraction of the coronary arteries constitutes the fundamental step in the detection of plaques. Many of the published studies of vessel segmentation were performed on 2D or 3D images for vascular structures in the retina, liver, brain, and lung. Multiscale filtering has been used for the segmentation of curvilinear or tubular structures in 3D medical images. [6] [7] [8] [9] [10] [11] [12] [13] The conventional multiscale filtering method 6, 11, 14 has been widely used to enhance vascular structures at variable sizes for vessel extraction. In this method, the images are convolved with 3D Gaussian filters at multiple scales and the eigenvalues of the Hessian matrix at each voxel are analyzed in terms of a response function to extract local structures in each scale of the filtered image. The design of the response function is a critical factor that determines the specific shape to be enhanced and therefore whether the multiscale method is effective for a given application. Other methods used in vessel segmentation included hysteresis thresholding, 15 region growing, 16, 17 statistical modeling, and matching methods 18, 19 using a priori knowledge provided by radiologists, direction field based segmentation and detection, 20 and deformable model approaches 21, 22 in which an initial surface estimate was deformed iteratively to optimize an energy criterion so that the model boundary was extended to the vessel wall as a so-called minimal surface. Few studies have been conducted for automated segmentation, tracking, and construction of the entire coronary artery trees on cCTA images. In a recent study, 23 a minimum cost path approach was used to extract coronary artery centerline connecting user-defined starting and ending points in cCTA images. Two different cost functions, multiscale vesselness cost function based on eigenvalues of Hessian matrix of images, and region statistics cost function were evaluated. The results show that 88% and 47% of the vessel centerlines were correctly extracted using the vesselness and region statistics cost function, respectively.
We are developing a computer-aided detection (CADe) system to assist radiologists in detecting noncalcified plaques in cCTA scans and automatically identifying the vessels of interest. 24, 25 Although commercial visualization workstations have coronary artery extraction software, the digital files of the extracted vessels are not accessible to the users or the researchers. The CADe system has to extract the coronary arterial trees as the first step to define the search space for plaques. In our previous studies, 25, 26 we evaluated our prototype multiscale coronary artery response and dynamic balloon tracking (MSCAR-DBT) method for segmentation and tracking of the coronary arterial tree in a small data set and compared the performance of our method with a clinically used commercial workstation that segments and displays coronary arterial trees for radiologist's visualization. The coronary arterial trees in the ECG-gated contrast-enhanced cCTA scans were extracted by our method and the clinical workstation, two experienced cardiothoracic radiologists visually examined the coronary arteries on the original cCTA scan and the corresponding rendered volume of segmented vessels to count the untracked false-negative (FN) segments and false positives (FPs) for both methods. The results indicated that the MSCAR-DBT method was promising with few false negatives and false positives in the small data set. However, the estimated performance might be biased optimistically because it was not evaluated on independent test cases. In this study, we adapted the previously developed 3D MSCAR method for vascular structure enhancement in the heart region, and extensively modified our previous 3D DBT method for the segmentation and tracking of the coronary arteries. The accuracy of our automated method for coronary artery segmentation and tracking was evaluated with an independent test set and quantified by comparison with the coronary arterial trees manually tracked and labeled by experienced cardiothoracic radiologists. False positives were visually judged and marked by the radiologists.
MATERIALS AND METHODS

2.A. Data sets
With approval of the Institutional Review Board (IRB), 25 and 62 ECG-gated contrast-enhanced coronary CTA scans were retrospectively collected from patient files in the Department of Radiology for training and independent testing, respectively. All but one cCTA scans were acquired with GE 64-slice (LightSpeed VCT) CT scanners. One test case was acquired with a 16-slice (LightSpeed Pro 16) CT scanner. The image acquisition techniques were 120-140 kVp, 300-600 mAs, and reconstructed at 0.625 mm slice interval. A single reconstructed phase (70% or 75%) was selected for each scan. For the training set of 25 cCTA cases, 21 cases were diagnosed as containing stenosis during the patients' clinical care and 119 plaques were marked by four experienced cardiothoracic radiologists on a computer graphical user interface (GUI) developed in our laboratory. Of the 119 lesions, 12, 50, and 57 were identified as noncalcified soft plaques (NCP), calcified plaques (CP), and mixed calcified and noncalcified soft plaques (MP), respectively. Thirty-six plaques were positive remodeling. Of the 62 cCTA cases in the test set, 50 cases were clinically diagnosed as containing stenosis and 239 plaques were marked by the radiologists, of which 26, 115, and 97 were NCP, CP, and MP, respectively, and 1 with stent installed. Positive remodeling was identified in 87 of the 239 plaques.
For the 62 cCTA cases, three experienced cardiothoracic radiologists provided reference standard for the coronary arteries by manually tracking the arterial trees and marking the center of the arteries using the GUI, as shown in Fig. 1 . On the GUI, the sagittal view, axial view, and coronal view of the cCTA scans corresponding to the region where a vessel is being tracked are displayed on the monitor. The GUI has functions allowing the user to scroll through the CT slices, follow the paths of individual vessels, adjust window setting, and zoom to improve visualization. The user can manually track the vessel trees by marking the vessel center points in any one of the three views at each vessel branch and the center point location will automatically propagate to all three views. For each cCTA scan in the test set, 17 major coronary arterial segments 27 that are considered clinically significant can be marked and labeled by name as reference standard for the evaluation of our coronary artery extraction method. The 17 segments include (1) proximal right coronary artery (RCA), (17) ramus intermedius segment, as shown in Fig. 2 . For the 62 test cases, total of 10 191 coronary center points were marked on 865 coronary arterial segments by the radiologists, with an average of 13.98 ± 1.12 segments per cCTA scan and 11.8 ± 8.7 points per segment. Some segments could not be tracked because of motion blur or poor contrast filling. Figure 3 shows the schematic diagram of our coronary artery extraction method. In this method, the heart region in the cCTA volume is first extracted. The vascular structures within the heart region are then enhanced using 3D multiscale filtering and the analysis of vessel response function. 26 Starting from the seed points at the origins of the left and right coronary arteries (LCA and RCA), the coronary arteries are segmented and tracked using a 3D rolling balloon region growing (RBG) method. In this study, the entire process was automated after the seed points were manually placed. All methods and parameters were designed with the 25 training cases.
2.B. Methods
2.B.1. 3D vascular structure enhancement using multiscale coronary artery response method
The heart region is first extracted to reduce computation time and avoid the tracking of the coronary arteries to the pulmonary vessels in the lung region. 26 Gray level thresholding at a voxel value of −970 HU determined by the training set is used to extract the human body from the surrounding air region in the cCTA scan. An adaptive expectation-maximization (EM) segmentation method is then applied to the segmented human body to extract nonair structures including the chest wall, heart, and pulmonary vessels. The heart region is finally extracted by a morphological opening operation applied to the nonair structures with a spherical structuring element. Based on the thoracic anatomy and experimentation with the training set, a 25-mm-diameter spherical structuring element was found to be large enough to shrink the chest wall and pulmonary vessels while preserving the heart in the thoracic cavity because the heart is generally larger than the spherical structuring element of this size.
We have previously developed an MSCAR method 26 for coronary artery enhancement based on the analysis of a vessel enhancement response function specifically designed to extract information from the eigenvalues of Hessian matrices for enhancing coronary vascular structures. In this study the parameters were retrained using 25 training cases. To adaptively enhance the coronary arteries of variable sizes, the response function in the heart region was calculated in K scales by first convolving the heart region with the partial second derivatives of 3D Gaussian functions with a range of variances σ responses were comparable for the different scales, the output of the convolution with the second derivative of the Gaussian filter at scale i was multiplied by a normalization factor equal to the variance of the Gaussian filter, σ 2 i . The response value at each voxel was determined by the maximum response value over all scales:
where R i (x, y, z) was the normalized response at scale i and voxel location (x, y, z). In this study, four scales (K = 4) were used to cover the coronary arteries over a range from 1.5 to 8 mm in diameter. Figure 4 shows an example of the enhanced vascular structures in a slice of a cCTA volume.
2.B.2. 3D rolling balloon region growing method for coronary artery segmentation and tracking
As shown in Fig. 4 , the MSCAR method not only enhances the coronary arteries (white arrows) but also enhances the coronary veins, the boundaries of other cardiac structures such as aorta, ventricles, atriums and pulmonary vessels, and other vessel-like noise structures in the heart region. To extract coronary arteries from the enhanced volume of vascular structures, we have developed a 3D RGB method to selectively segment and track the coronary arteries. Given two manually identified seed points located at the origins of the LCA and RCA for each case, the RBG method first refines the seed point location by replacing it with the voxel having the maximum vessel response in a 7-mm-diameter spherical region centered at the initial seed point, then starts tracking the LCA tree or the RCA tree by placing a sphere centered at the refined seed point. Based on the coronary artery anatomy and the observation from our training cases that the sizes of the coronary arteries of adults are smaller than 10 mm in diameter, the diameter of the initial sphere is set to be 15 mm. An adaptive mean-value-based region growing (AMG) method is designed to segment the vessels within the sphere. In the initial sphere, the mean (M R ) of the vascular response value determined by Eq. (1) is calculated in a 5 × 5 × 5-voxel cube centered at the seed point. The vessel inside the sphere is then grown from the seed point based on 26-connectivity and a neighboring voxel P with response value R p is included in the segmented vessel region if the following growing criterion is satisfied:
where t is a tolerance value, empirically chosen using the training set to be 0.2. The mean value is updated as
where v is the number of voxels in the vessel region before the new voxel is added. Figure 5 illustrates our RBG method for vessel growing and tracking. After the vessel region grown in the sphere, the intersections of the sphere surface with the grown vessel are used to determine the size and the location of the next sphere. As shown in Fig. 5 , the surface of the current sphere (centered at C n ) rolling from the previous sphere (centered at C n−1 ) has three intersections with the vessel region grown by the AMG method. The two spheres centered at C 1 n+1 and C 2 n+1 do not overlap with the already tracked vessel (enclosed by sphere C n−1 ) so that they are labeled as possible vessels to be tracked next. The next tracking point is chosen from the multiple intersections by finding the center point that has the maximum rolling smoothness:
where S is the number of the intersections, i n+1 is the angle between the vector − −−−→ C n C n−1 and the next vector
, and A i n+1 is the area of the ith intersection. The intersection that has the maximum rolling smoothness with larger angle (between 90
• and 180 • ) and larger intersection area will be chosen as the next tracking point, and the other intersections with the angle between 90
• and 180
• are labeled as new branches and stored in a queue. The sphere will be rolled and centered at this new tracking point and the diameter of the sphere is adjusted to enclose the local vessel diameter as estimated by the size of the chosen intersection area A i n+1 . As the tracking proceeds along the vessel, a similar vessel growing and search process will be performed at each tracking point, in which the rolling direction is determined by the smoothness of vessel branching and the diameter of the sphere is varied adaptively like a balloon according to the local vessel size. The tracking of each branch continues until there is no intersection with the sphere. The above procedure is then started from a new branch in the queue until the queue is empty. 
2.B.3. Comparison studies
Of the 62 test cases, 30 have been used for evaluation of our previous 3D DBT method. 25, 26 In this study, we compared the performances between the DBT method and the current 3D RBG method using this subset of 30 cases. In addition, to evaluate the impact of inter-radiologist variability on tracking reference arteries for performance assessment, we performed a comparison study using a subset of 8 cases randomly selected from the 62 test cases. A second experienced cardiothoracic radiologist tracked the coronary arteries based on the 17-segment model independent of the first radiologist's markings. The performances of the RBG method using the two radiologists' tracking separately as reference standards were compared. Figure 6 shows an example of radiologist-marked center points following the 17-segment model that includes clinically significant coronary arteries superimposed on the computer-extracted vessels rendered in 3D volume. For the visible coronary arteries in the 62 test cases, the radiologists marked 10191 center points on 865 coronary segments. The results show that 83.6% (8520/10191) of the manually marked reference points in the coronary arteries overlapped with computer segmented vessels, of which 79.1% (3037/3841) and 86.3% (5483/6350) belong to the RCA tree and LCA tree, respectively. Figure 7 shows the distribution of the reference center points in the 17-segment model and the percentage of the reference center points that overlapped with the computer-segmented vessels for each segment. It can be seen that the major arterial segments including the proximal and distal LAD, the proximal LCX, and the proximal and mid-RCA, can be segmented with higher accuracy (>90% overlap) compared with the segments distal to the above major segments. Using two-tailed unpaired Wilcoxon signed rank test, we found that the differences in the percentages of overlap points were significant (p < 0.05) between each of these major segments and the individual distal segments. The mid-LAD segment had an overlap of 88.2%.
RESULTS
As shown in the 17-segment model (Fig. 2) , the mid-LAD and distal LAD segments are one continuous branch. Since there was no clear landmark for radiologists to separate the two segments when they manually marked the reference points, one segment could be marked longer and another could be shorter, and vice versa. If the mid-LAD and distal LAD were combined into one segment, 91.7% of the reference points on the combined segment could overlap with computer-segmented vessels.
For each coronary segment, the percentage of the length of the coronary artery segment tracked by the computer is approximated as the percent overlap points (POP), defined as the number of reference center points overlapping with the computer-tracked vessel relative to the total number of reference center points marked by radiologist along that segment, defined as POP = Number of reference points on computer − tracked segment Total number of reference center points along the reference segment .
As shown in the example of Fig. 6 , the computer segmented and tracked vessels could extend beyond the reference segments marked by radiologists. We set the maximum of POP to be 1 such that POP = 1 indicates that the computer segmented vessels are tracked equal to or beyond the reference segment; otherwise, if POP < 1, the specific artery segments are not fully tracked. We define a true positive (TP) segment as a computer-tracked vessel that has a POP greater than a chosen threshold. Of the 865 radiologist-marked segments, 91.9% (795/865) were counted as TPs when the POP thresh- old was set to be 10%. If the POP threshold was increased to 50% and 100%, the sensitivities were 86.2% and 53.4%, respectively. The 53.4% of TPs at 100% POP threshold indicated that 53.4% (462/865) of computer segmented coronary arteries were tracked equal to or beyond the reference segments marked by radiologists. Figure 8 shows the percentage of the radiologist-marked coronary segments that were counted as TPs when the POP threshold varied. Table I shows, for each of the segments in the 17-segment model, the total number of segments manually marked by radiologists in the 62 test scans, and the average and standard deviation of POP tracked by the MSCAR-RBG method.
Because it is difficult to count false positives (FPs) automatically, for each case, the radiologist visually examined the original cCTA scan and compared the volume rendered computer-segmented coronary arteries to identify mistakenly tracked structures. For the 62 test cases, a total of 55 FPs were identified in 23 cases, including 32 FPs in veins, 10 in the aorta, 2 and 4 in the left and right ventricle, respectively, and 5 and 2 in the left atrial cavity and appendage, respectively. There was no FP identified in 39 test cases. Figure 9 shows examples of different types of FPs from the vessel segmentation and tracking. The segmented arteries that extended beyond the radiologist-marked center points, and the segmented arteries that were not on the list of the 17-segment model but were judged by the radiologists to be a part of the coronary arterial tree were not counted as FP nor TP in this study. The computer-segmented arteries (gray arrows) that extended beyond the radiologist-marked center points or were not on the list of the 17-segment model but were judged by radiologists to be a part of the coronary arterial tree were not counted as FP nor TP. Figure 10 shows examples of false negative (FN) coronary arteries that were missed by the MSCAR-RBG method. One major reason of FNs was motion blur artifacts. Even with ECG-gating, the reconstructed cCTA images can be degraded by motion blur due to irregular heartbeat of some patients. Motion blur can cause a gap in the vessel being segmented and tracked. If the gap is smaller than the radius of the rolling balloon at that location, there is a chance that the RBG tracking will find the next center point. However, if the gap is long, all segments distal to the blur may be lost, as shown in the examples.
The performances of our previous 3D DBT method 25, 26 and the current RBG method for the segmentation and tracking of the coronary arteries were compared using a subset of 30 cases from the 62 test cases. A total of 3487 reference center points on 421 coronary artery segments were marked by radiologists in the 30 cases. The result showed that the DBT-tracked vessels overlapped with 85.6% (2986/3487) of the reference center points. With the RBG method, 89.0%(3104/3487) of the center points overlapped with the tracked vessels. The difference in the number of overlapped reference points per artery segment between the two methods was statistically significant (p < 0.001, Wilcoxon signed-rank test). An experienced radiologist identified a total of 28 and 14 FPs in the 30 cases for the previous and current method, respectively. The comparison indicated that both the sensitivity and specificity have been improved with the RBG method.
The impact of inter-radiologist variability on tracking reference arteries for performance assessment was studied in a subset of 8 cases from the 62 test cases. In total, the two radiologists marked 111 segments, and their agreement reached 88.3% (98/111). The 13 segments that were marked by only one of the radiologists were smaller distal arteries including four of the second diagonal, two of the OM1, three of the FIG. 10 . Examples of failures in the tracking of the LCA and RCA due to motion blur artifacts. Top row: The LAD including proximal, mid, and distal LAD (top left) was not tracked. The motion blur was between slice #56 and 57 (white arrows point to the missed vessel branch in the consecutive axis view). Bottom row: The mid and distal RCA, RPD, PLB, and part of proximal segments were not tracked. The motion blur was in slice #42 and 43. OM2, and four of the distal LCX segments. Using the manually marked center points by the two radiologists as reference standard separately, the percent overlap points for the computer-segmented arteries in the 17 segment-model were evaluated and compared, as shown in Fig. 11 . The difference of the two methods did not reach statistical significance (p = 0.891, two-tailed paired t-test). These results demonstrated that the interradiologist variability may not have a strong impact on the performance assessment in this study, especially for those major nondistal arteries.
DISCUSSION
Segmentation and tracking the coronary arteries is a fundamental step to automatically identify the vessels of interest for the development of a computer-aided detection system to assist radiologists in detecting noncalcified plaques in cCTA scans. Many factors, such as vessel blurring caused by irregular heartbeats, narrowing and blockage caused by a significant soft plaque with low-contrast CT value or a calcified plaque with high CT value, incorrect contrast timing, and other noise artifacts can cause the failure of automated vessel tracking. Quantitative evaluation of vessel segmentation accuracy and the completeness of vessel tree construction is challenging because there is no ground truth for the vessel tree in clinical cases. The best alternative to the ground truth of the vessel tree is manual tracing of the vessel center lines by experts. In our previous study 28 that evaluated a pulmonary vessel segmentation method, two experienced thoracic radiologists provided reference standard for the pulmonary vessels including arteries and veins by manually tracking the vessel tree and marking the vessel centers on representative patient cases. However, manual tracking and marking the center points of the vessels are very time consuming. In a pilot study that we compared the relative performance of our prototype system to that of a clinically used commercial software 26 for the segmentation and tracking of coronary arterial trees, quantitative analysis was not feasible because the digital files of the extracted vessel trees by the clinical software were not accessible to the user. As a result, visual assessment was performed to count the untracked FN and mistakenly tracked FP segments for both methods by experienced cardiothoracic radiologists. In this study, we focused on the quantitative evaluation of our current coronary segmentation and tracking method. The reference standard of manually tracked center points of coronary arteries provided by experienced cardiothoracic radiologists allows us to count the TP and FN segments automatically, except that the FPs still needed to be identified and counted manually.
Plaques in an arterial segment will not be detected if the segment is missed in the vessel extraction process. Therefore, whether the coronary artery tree is correctly extracted plays a crucial role in the performance of the CAD system. In our study, the coronary arteries that were not one of the 17 reference segments were ignored and were not counted as FP or FN, as shown in the examples in Fig. 9 . For a reference artery segment, the radiologist may not track it to the very distal part beyond certain diameter that was considered clinically insignificant. For the 17 reference segments, the POP measure shows that our method can segment and track the coronary arteries as far as or beyond the reference standard in 462 segments (53.4% of total 865 manually marked segments). Although the plaques not in the 17 segments are not considered clinically significant and may not need to be treated, the detection of plaques in small distal arteries may still be useful for patient management purposes. How far the coronary arteries should be tracked and inspected for plaques would need to be investigated in further studies.
In the framework of Rotterdam Coronary Artery algorithm evaluation, 29 a database of 32 cardiac CTA cases including 8 training and 24 test cases, with corresponding reference standard, is used to evaluate and compare different coronary artery segmentation and tracking methods. In this data set, four major coronary arteries were selected by one observer and manually traced by three trained observers, which are the RCA, LAD, LCX, and a fourth vessel selected from the large side-branches of the above three main arteries. The manually tracked results were merged into reference standards of the centerline and annotated radii along the centerline for each vessel. Four points along the centerline of each selected artery including the starting (S) and ending points (E), and two points (A and B) between the starting and ending points, were provided to the users to identify and guide the segmentation and tracking of the selected arterial branches. Without using these points for the four individual arteries to be tracked, we manually placed two seed points at the origins of the LCA and RCA trees, as required by our algorithm, to track the LCA and RCA trees for each case. The output of our tracking was submitted for evaluation by the Rotterdam framework. Table II shows the evaluation results in terms of three overlap measures (OT, OV, OF) and a distance measure (AI) of our MSCAR-RBG method for the 24 test cases. The exact definitions of the four points and the evaluation measures can be found in the Rotterdam publication 29 and their website. Compared with the reference centerline considered by the Rotterdam framework to be the clinically relevant part of the vessel (the OT measure), our method achieved an average of 91.4% ± 9.0%, which is comparable to the overlap b OV: overlap measure that represents the ability to track the section of the vessel annotated by the human observers. c OT: overlap with the clinically relevant part of the vessel that is defined as vessel segments with a diameter of 1.5 mm or larger. d OF: overlap until the first error that determines how much of a coronary artery has been extracted before making an error. The first error is defined as the first false negative point when traversing from the start of the reference standard to its end while ignoring false negative points in the first 5 mm of the reference standard. A false negative point occurs when a center point found by the algorithm is located at a distance from the reference centerline greater than the annotated radius at that location. e AI: average inside is calculated as the average distance of all the connections between the reference standard and the automatic centerline given that the connections have a length smaller than the annotated radius at the connected reference point. measure (POP) on our data set for the major vessel segments, i.e., 82.6%-94.0% and 91.8%-92.6%, from the distal to the proximal RCA and LCA, respectively (Table I) . For the OV measure, in which the part of the centerline that is correctly tracked by computer but extended beyond the reference endpoint of the manually tracked centerline is counted as FP, our algorithm achieved 89.4% ± 8.9%, indicating that our algorithm could track farther than their manual tracking on average. The OF measure, which determines how much of a coronary artery has been extracted before the first error, is intended to be used for image-guided intravascular interventions and is therefore not relevant to most applications including CAD. In the Rotterdam framework, false positive points along the reference centerlines of these four vessels are scored but other FPs such as the veins, other structures, and artifacts caused by motion and noise elsewhere are not penalized, allowing training to bias toward high sensitivity regardless of specificity due to these FPs. In addition, the Rotterdam framework only evaluates four major arteries, which was selected by one reference observer in that laboratory. These are major limitations of the Rotterdam framework as discussed in their paper. 29 These limitations make the evaluation unfair and impractical for many applications including CAD. Compared with the Rotterdam framework that only evaluates a subset of the major arteries, we evaluated all major coronary arteries in the 17-segment model and FPs using a larger data set of 62 cCTA cases. Our segmentation program was trained taking into consideration the trade-off between sensitivity and specificity as well as the need to extract the smaller, less obvious arterial segments in the 17-segment model. Therefore, comparison of the performance of our method with those of other methods in the Rotterdam framework would require attention to these issues.
In this study, our RBG method used two starting points manually identified at the origins of the left and right coronary arteries as the seed points, respectively, to track the left and right coronary arterial trees for each case. However, the percentage of reference points on the left main artery overlapping with the computer-segmented vessel is smaller than its adjacent segment of proximal LAD (79.3% vs 91.0%), as shown in Fig. 7 . This is because, in some cases, the seed points of the RCA were placed at a lower section of the left main and the radiologist started marking the center points at the higher section, as the examples shown in Figs. 6 and 9 (open arrows). We are developing methods for automated detection of the seed point locations at the origins of the LCA and RCA trees. Automated methods for seed point detection may reduce the variability of manually placed seed points.
There are several limitations in this study. First, because the radiologists' manually marked center points were used as reference standard for evaluation of the completeness of the vessel tree segmentation, it is difficult to determine whether the segmented structures that did not overlap with the reference standard points were true coronary arteries, veins, other structures, or simply noise. We therefore were not able to evaluate the FP rate automatically. Each case had to be visually inspected by experienced radiologists to identify and count the FPs, which is time consuming. Without FP assessment, it can be a major bias for intercomparison of different methods such as the Rotterdam framework because methods can usually be trained to achieve higher sensitivity if specificity is not a concern. Further work is needed to design automated methods for characterization and reduction of FPs. Second, manually tracking and marking the center points by radiologists are very tedious and time consuming. We were not able to have multiple radiologists mark each case except for a small subset of eight cases to evaluate interradiologist variations in coronary artery marking and the impact on the performance evaluation of the computerized segmentation and tracking method. However, since the radiologists also visually inspected the tracked vessels to identify FPs, each case was actually read twice by the experienced radiologists. If a major coronary artery segment was missed during marking of the reference center points, the radiologist inspecting FPs would see the error and make correction. The major variations in the reference standard would likely be how far different radiologists would track each segment, which may affect the POP measure to a certain extent. Third, the seed points for the LCA and the RCA trees were manually placed so that the extraction of the coronary arteries was not fully automated. We have yet to develop an accurate method to automatically identify the origin of the coronary artery trees as seed points. Nevertheless, to our knowledge, this study used one of the largest data sets with radiologists' manually tracked coronary artery trees as reference standards for validation of computerized segmentation and tracking in cCTA.
CONCLUSION
Our study demonstrated that the MSCAR-RBG method can accurately segment and track the coronary arteries. Automated and accurate extraction of the coronary arteries is an important step for the development of a computer-aided system for plaque detection and to provide radiologists an efficient visualization tool for vessel analysis in clinical practice. Further studies are underway to develop methods to improve the segmentation and tracking accuracy for the arterial segments affected by motion artifacts, severe calcified and noncalcified soft plaques, and to reduce the false tracking of the veins and other noisy structures.
